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R‐PROGRAMMING 

Packages, data visualiza8on and examples 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Download: 
hVp://www.r‐project.org 

Recommended tutorial:  
hVp://cran.r‐project.org/doc/contrib/Paradis‐
rdebuts_en.pdf 

is  a  language  and  environment  for 
sta8s8cal  compu8ng  and  graphics,  a 
GNU project. 
R provides a wide variety of sta8s8cal 
(linear  and  nonlinear  modeling, 
classical  sta8s8cal  tests,  8me‐series 
analysis,  classifica8on,  clustering,  ...) 
and  graphical  techniques,  and  is 
highly extensible. 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1.Why to use R? 

•  Open‐source, mul8pla^orm, extensible; 

•  Easy on users with familiarity with S/S+, 
Matlab, Python or IDL; 

•  Ac8ve and growing community: 
– Google, Pfizer, Merck, Bank of America, 
Boeing, the InterCon8nental Hotels Group and 
Shell. 



2.R in the scien8fic community 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2.1. You R with NERSC    

•  Get started with R on DaVinci: 
> module load R 

> R 

>help() 

>demo() 

>help.start() 

>source(‘your_func8on.R’) 

>library(package_name) 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3.Extensible 

•  Add‐on packages: 
– Data input/output: hdf5, Rnetcdf, DICOM, etc. 

– Graphics: trellis, gplot, RGL, fields, etc. 

– Mul8variate analysis: MASS, mclust, ape, etc. 

– Other languages: Rcpp, Rpy, R.matlab, etc. 



9 

4.Sta8s8cal analysis and graphs 

•  Histogram 

•  Density 
•  Boxplot 
•  Mul8variate plot 

•  Condi8oning plot 
•  Contour plot 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4.1.Mul8variate plots 

>  data=read.table('ozone.data.txt', 
header=T) 

>  names(data) 
[1] "rad"   "temp"  "wind"  "ozone“ 

>  pairs(data,panel.smooth) 
#panel.smooth = locally‐weighted polynomial regression  

Ex: Explanatory variables: solar radiation, temperature, wind and the 
response variable ozone;  

- use of pairs() with dataframes to check for dependencies between the 
variables.  
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4.2.Condi8onal plots 

•  Check the rela8on of 
the two explanatory 
variables wind, temp 
and the response 
variable ozone; 

>coplot(ozone~wind|
temp,panel=panel.smooth) 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4.3. Package RGL for 3D visualiza8on 

•  OpenGL 
‐ rgl.demo.lsystem()      ‐ kernel density es8ma8on 

Use Visit: h?ps://wci.llnl.gov/codes/visit/ 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5.Profiling 
several.8mes <‐ func8on (n, f, ...) { 
  for (i in 1:n) { 
    f(...) 
  } 
} 

matrix.mul8plica8on <‐ func8on (s) { 
  A <‐ matrix(1:(s*s), nr=s, nc=s) 
  B <‐ matrix(1:(s*s), nr=s, nc=s) 
  C <‐ A %*% B 
} 

v <‐ NULL 
for (i in 2:10) { 
  v <‐ append( 
    v, 
    system.8me( 
      several.8mes( 
        10000, 
        matrix.mul8plica8on, 
        i 
      ) 
    ) [1] 
  ) 
} 
plot(v, type = 'b', pch = 15, 
     main = "Matrix product computa8on  8me") 

•  Where does your program 
spend more 8me? 

Variable number  
of arguments 

Also try packages: profr and 
proCools 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EXPLORATORY DATA ANALYSIS 

Basics and beyond 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1. Sta8s8cal analysis 
•  Sta8s8cal modeling: check for varia8ons in the 
response variable given explanatory variables; 
–  Linear regression 

•  Mul8variate sta8s8cs: look for structure in the data; 
–  Clustering: 

•  Hierarchical 
–  Dendrograms 

•  Par88oning 
–  Kmeans (stats) 

–  Mixture‐models (mclust) 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2.Linear regression 
•  Ex: Find the equa8on that best fit the data, given the decay of 

radioac8ve emission over a 50‐day period 

•  Linear regression: variables expected to be linearly related; 
•  Maximum likelihood es8mates of parameters = least squares; 



2.1.Linear regression 
data = read.table('sapdecay.txt',header=T) 
aEach(data) 

par(mfrow=c(1,3)) 
plot(x,y,main='Decay of radioacNve emission over a 50‐day period',xlab='days') 
#  the log(y) gives a rough idea of the decay constant, a, for these data by linear regression of log(y) against x 

mylm = lm(log(y)~x) 
print(mylm$coefficients) 
# sum of squares of the difference between the observed yv and predicted yp values of y, given a specific value of parameter a 
sumsq <‐funcNon(a,xv=x,yv=y) 

{ 
  yp = exp(‐a*xv) #predicted model for y 
  sum((yv‐yp)^2) 
} 

a=seq(0.01,0.2,.005) 
sq=sapply(a,sumsq) 
plot(a,sq,type='l',xlab='decay constant',ylab='sum of squares of (observ ‐ predicted)') 

decayK=a[min(sq)==sq] #this is the least‐squares esNmate for the decay constant 
matplot(decayK,min(sq),pch=19,col='red',add=T) 
plot(x,y) 
days=seq(0,50,0.1) 

lines(days,exp(‐decayK*days),col='blue‘) 
detach() 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3.Cluster analysis 

•  Hierarchical 
–  dendrogram(stats) 

•  Par88oning 
–  kmeans (stats) 

•  Mixture‐models:  
– Mclust (mclust) 

Iris dataset: 150 samples of Iris 
flowers described in terms of its 
petal and sepal length and width 



3.1.Hierarchical clustering 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•  Analysis on a set of 
dissimilari8es, combined to 
agglomera8on methods for 
analyzing it: 

•  Dissimilari8es: Euclidean, 
ManhaVan, … 

•  Methods: 
–  ward, single, complete, 

average, mcquiVy, median 
or centroid. 



3.2.K‐means 

•  Split n observa8ons into k 
clusters; 
–  each observa8on belongs to 

the cluster with the nearest 
mean. 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setosa versicolor virginica 
  1      0         48        14 

  2      0          2        36 

  3     50          0         0 



3.3. Model‐based clustering 

•  Mixture Models 
–  Each cluster is mathema8cally represented by 

a parametric distribu8on; 
–  Set of k distribu8ons is called a mixture, and 

the overall model is a finite mixture model; 
–  Each probability distribu8on gives the 

probability of an instance being in a given 
cluster. 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21 



22 

Case study 

Accelerated laser‐wakefield par8cles 

http://www.lbl.gov/publicinfo/newscenter/features/2008/apr/af-bella.html 



time steps 

•  PI: C. Geddes (LBNL) in SciDAC COMPASS project, Incite.  

•  Accomplishments: 
–  Described compact electron clouds 
 using minimum enclosing ellipsoids; 
–  Developed algorithms to adapt 
 mixture model clustering to large datasets; 

•  Science Impact: 
–  Automated detec8on and analysis of  
compact electron clouds; 
–  Derived dispersion features of electron clouds; 
–  Extensible algorithms to other science problems; 

•  Collaborators: 
–  Tech‐X 
–  Math Group, LBNL 
–  UCDavis, University of Kaiserlautern 

Knowledge discovery in LWFA science  
via machine learning 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Framework 

•  Goal: automate the analysis of electron bunches by 
detec8ng compact groups of par8cles, subjected to 
similar momentum and spa8o‐temporal coherence. 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B1. Select relevant par8cles 

•  Beams of interest are characterized 
by high density of high‐energy 
par8cles:  

1.  Elimina8on of low energy par8cles 
(px<1e10) 

–  Wake oscilla8on: px<=1e9 
–  Excludes par8cles of the background 

2.  Calcula8on of the simula8on average 
number of par8cles (µs); 

3.  Elimina8on of 8mesteps with number 
of par8cles inferior to µs; 

 Representation of particle momentum in one 
time step: spline interpolation onto a grid for 
visualization of irregularly spaced input data. 

Packages: 
akima, hdf5, fields 



26 

B2.Kernel‐based es8ma8on 

•  Kernel density estimators are less sensitive to 
the placement of the bin edges; 

•  Goal: retrieve a dense group of particles with 
similar spatial and momentum characteristics: 
  argmax f(x,y,px), 
  Neighborhood: 2 µm 

Packages: 
misc3d, rgl, fields 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B3. Iden8fy beam candidates 

•  Detec8on of compact groups of par8cles independent 
of being a maximum in one of the variables; 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B4. Cluster using mixture models  

•  Model and number of clusters 
can be selected at run 8me 
(mclust); 

•  Par88on of mul8dimensional 
space; 

•  Assume that the func8onal form 
of the underlying probability 
density follows a mixture of 
normal distribu8ons; 

Packages: 
mclust, rgl 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B5. Evalua8on of compactness 

•  Bunches of interest move at speed ≈ c, hence are nearly sta8onary in 
the moving simula8on window; 

•  Moving averages smoothes out short‐term fluctua8ons and highlights 
longer‐term trends. 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High performance compuNng 

Packages, challenges and new businesses 



1. Improve performance/reusability 

•  Good coding: avoid loops, vectoriza8on; 
•  Extend R using compiled code: 

–  packages: Rcpp, inline 
•  Recycle your Python codes:  

–  Package: Rpython 
•  Parallelism: 

–  Explicit: packages Rmpi, Rpvm, nws 
–  Implicit: packages pnmath, pnmath0 for mul8threaded math 

func8ons 

•  Use out‐of‐memory processing with  
–  packages bigmemory and ff 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2. What is going on HPC in R? 

•  Parallelism: 
– Mul8core: mul8core, pnmath, … 

– Computer cluster: snow, Rmpi, rpvm, … 
– Grid compu8ng: GRIDR, … 

•  GPU:  
– gputools: parallel algorithms using CUDA + CUBLAS 

•  Extremely large data: 
– ff: memory mapped pages of binary flat files. 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3. Nothing is perfect… 

•  Limits on individual objects: on all versions of 
R, the maximum number of elements of a 
vector is 2^31 – 1;  

•  R will take all the RAM it can get (Linux only); 

•  More informa8on, type: 

>help(‘Memory‐limits’)  

>gc() #garbage collector 

>object.size(your_obj) #size of your object 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Take home 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Source: http://www.nettakeaway.com/tp/R/129/understanding-r 
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